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Introduction
The 1918-1919 Influenza Pandemic was a global health catastrophe that is estimated to have killed 50 million people worldwide. The pandemic spread rapidly across the United States during the fall of 1918, killing more Americans than all wars in the twentieth century. In the U.S. and elsewhere there were significant cross-city differences in pandemic severity. Although there has been considerable speculation regarding the factors that contributed to pandemic severity, only a small number of studies have examined the determinants of cross-city severity. Acuna-Soto et al. (2011) combine data for 66 cities to investigate the ability of pre-pandemic pneumonia and influenza mortality, city size, longitude, and latitude to explain pandemic pneumonia and influenza mortality in 1918. Bootsma and Ferguson (2007) and Markel et al (2007) examine the effects of public health measures on pandemic severity drawing on data for the 43 cities for which weekly influenza and pneumonia mortality data is available. Grantz et al. (2016) and Tuckel et al. (2006) detail temporal and spatial data from Chicago and Hartford to examine within city variation in mortality. Their analysis points to the importance of poverty-related factors as contributing to pandemic severity.
We investigate the determinants of cross-city differences in pandemic severity. The paper relies on a new dataset of annual mortality in 438 U.S. cities that represent two-thirds of the urban population for the period 1915 to 1925. The panel structure of the dataset allows us to construct a measure of pandemic severity for a large sample of cities. The empirical analysis involves two steps. First, we estimate excess pandemic mortality in every city as the difference between observed and predicted mortality in 1918. Second, we estimate cross-sectional regressions to assess the importance of three broad determinants of excess pandemic mortality across cities: i) measures of pre-pandemic health and poverty, ii) the timing of onset and proximity to military bases, and iii) air pollution. The first two factors have been discussed in the historical and medical literatures. The third has received far less attention, although there is growing biological (e.g., Jakab 1993; Jaspers et al., 2005) , animal (e.g., Hahon et al., 1985; Harrod et al., 2003; Lee et al., 2014) , and epidemiological evidence that air pollution can increase susceptibility to influenza (e.g., Ciencewicki and Jaspers 2007) . Recent empirical evidence suggests that air pollution interacts with infectious disease. Hanlon (2018) finds that the higher underlying rates of measles and tuberculosis (TB) increased the mortality effects of pollution episodes in London from 1866 to 1965. Similarly, Clay, Lewis, and Severnini (2018) show that coal-fired generating capacity led to significantly higher mortality rates during the pandemic. This study builds on and complements previous statistical analyses of the factors influencing cross-city variation in mortality in 1918. The dataset includes a much larger sample of cities than has been previous studied, allowing us to examine multiple factors simultaneously to determine their relative importance. Motivated by the existing historical and medical literatures, our analysis focuses on three broad categories that may have influenced pandemic severity across cities: underlying population health and poverty, the timing of onset, and air pollution, although we also explore the role of additional factors related to trade, religious homogeneity, and public health infrastructure. By quantifying the influence of several distinct sociodemographic and 1 Whereas Clay, Lewis, and Severnini (2018) focus more narrowly on the impact of coal capacity, this paper explores the role of multiple underlying determinants of cross-city pandemic mortality, and seeks to quantify their respective influence on excess mortality in 1918. Additionally, our expanded sample of 438 cities (versus 180 cities) allows us to assess these relationships over a much broader population. environmental factors on pandemic mortality, our analysis sheds new light on the disparities in death rates across U.S. cities during pandemic, and may offer insights into how policymakers should allocate resources in response to future pandemics.
Methods

Data
Data on all-cause deaths for the years 1915 to 1925 were assembled from the Mortality Statistics for the 438 cities with at least 10,000 residents in 1920 mapped in Figure S1 . We combined these data with city population in 1920 to construct the mortality rate per 10,000 city residents. Cities are linked to county-level pre-pandemic demographic and economic characteristics from the 1910 census of population and manufacturing (Haines and ICPSR, 2010) . We assembled the following variables: percent urban residents, percent illiterate, percent foreign born, percent homeowner, and percent of employment in manufacturing. Information on the week of pandemic onset was obtained from Sydenstricker (1918) . City proximity to military bases was obtained from the U.S. War Department (1919) . Data on coal-fired generating capacity were obtained from the U.S. Department of Agriculture (1916) . We collected information on all coal-fired power stations with at least 5 megawatts of installed capacity, and calculated total coal-fired capacity within a 30-mile radius of each city-centroid.
2,3 Figure S1 also displays coal power plants and hydroelectric dams in 1915 by terciles of electricity generating capacity.
Regression Analysis
We use annual data on all-cause mortality for the years 1915 to 1925 to derive an estimate of excess mortality in 1918 for the sample of cities. Excess mortality is calculated based on the difference between observed mortality in 1918 and an expected baseline mortality level (absent the pandemic). This approach has been widely used to estimate the impact of influenza epidemics (e.g., Serfling, 1963; Housworth and Langmuir, 1974; Vibroud et al., 2004; Olson et al., 2005) . First, we construct a measure of predicted 1918 mortality (absent the pandemic), based on a city-specific linear trend for the period 1915 to 1925. We exclude the year 1918 from the analysis, and estimate the following regression model:
where "# denotes all-cause mortality in city c in year t, the variable t represents year, and "# denotes an error term. 4 The coefficient " is a city-specific intercept that allows for different baseline mortality rates across cities, and the coefficient " allows for different trends in mortality across cities. The slope and intercept estimates are used to predict 1918 mortality by city. Excess mortality in 1918 is constructed as the difference between actual and predicted mortality in city c in 1918.
We estimate multivariate regressions that relate excess mortality to pre-pandemic infant mortality, measures of city poverty, timing of pandemic onset, and air pollution. Controls for percent urban are included in all specifications. All explanatory variables included in the main regression model were selected by F-test and partial R-squared, as reported in Tables S3, S5 , and S7. For each broad category of predictors, the two variables with the strongest explanatory power
were kept in the model. They had large F-statistic, p-value for the F-test smaller than 0.05, and non-negligible partial R-squared. All explanatory variables are included in a tercile specification (high vs. low, middle vs. low). This specification is more flexible than using the variables continuously as it allows for nonlinear relationships, and the regression coefficients for each explanatory variable are easier to interpret, since the coefficients for high (middle) reflect the difference in pandemic mortality for cities in the high (middle) tercile relative to cities in the low tercile. 5 All estimated standard errors are robust to heteroscedasticity. 6 results to alternative measures of excess pandemic mortality, which do not depend on post-1918 mortality rates. 5 Qualitatively similar results were found when the analysis was run with continuous explanatory variables. Regressions estimates available upon request. 6 Conley standard errors are also reported in Table 1 . The Conley method allows for outcomes to be correlated among nearby cities, with the degree of correlation declining linearly until some cutoff distance (Conley 1999 The median city experienced excess mortality of 57.7 per 10,000 residents.
Applying the estimates of excess mortality across the entire U.S. population, we calculate that the pandemic was responsible for 615,000 American deaths, similar to previous estimates of pandemic severity (Crosby, 1989, p. 206) . There was wide variation in pandemic mortality across cities. The inter-quartile range for excess mortality is 38.5 -78.0.
Pre-pandemic Health and Poverty
Our analysis examines the relationship between pre-pandemic health and poverty and excess mortality in 1918 across the sample of U.S. cities. Previous authors have used different measures of population health to predict mortality in 1918. Acuna-Soto et al. (2011) examine the relationship between pre-pandemic influenza and pneumonia mortality and pandemic influenza and pneumonia mortality, finding that pre-pandemic and pandemic pneumonia mortality are highly correlated. Bootsma and Ferguson (2007) show that 1918 mortality is correlated with 1917 mortality. Other researchers have explored the relationship between poverty markers and pandemic severity. Grantz et al. (2016) examine the ability of percent illiterate, percent homeowners, percent unemployed and population density to predict pandemic influenza mortality across census tracts in Chicago. Tuckel et al. (2006) explore the relationship between the percent foreign born and ward-level influenza mortality in Hartford.
Our analysis builds on the previous research, examining the relationship between a number of socioeconomic variables -percent foreign born, percent illiterate, percent homeowners, and percent urban -and excess 1918 mortality across a much larger sample of cities. In addition, we include the infant mortality rate in the years 1915 and 1916 as an explanatory variable. The infant mortality rate is widely used as a measure of population health, since the link between infant deaths and contemporaneous health conditions -including disease, pollution, and nutrition -is immediate, whereas adult mortality reflects an accumulation of lifetime exposure (Chay and Greenstone, 2003; Currie and Neidell, 2005) . Table S1 shows the correlation among selected pre-pandemic measures of health and poverty.
There is a strong correlation across many of the explanatory variables, suggesting that they are all capturing factors related to health and poverty. For example, the infant mortality rate was elevated in cities with a higher percent of foreign residents, lower rates of home ownership, and higher rates of illiteracy. The results also show that percent urban is correlated with percent foreign born and percent homeowner, although baseline infant mortality is largely unrelated to city size. Bootsma and Ferguson, 2007; Markel et al., 2007) . Pre-pandemic infant mortality rates are positively and statistically significantly related to excess 1918 mortality.
Markers for city poverty are generally associated with higher pandemic mortality (cols 2, 4, and 6), although once we control for baseline infant mortality, the estimates on the various markers of city poverty decrease in magnitude (cols 3, 5, and 7). Together, the results suggest that baseline population health had an impact on pandemic severity independent of other poverty markers. In contrast, it appears that much of the relationship between poverty and pandemic mortality can be explained by the poor health in low-income populations. These findings suggest that other characteristics associated with urban poverty, such as the higher rates of disease transmission in crowded neighborhoods, may have been less important determinants of mortality during the pandemic. Guided by these results, we include percent urban, infant mortality in [1915] [1916] , and percent illiterate in the main specification in Table 1 , discussed below.
Timing of Pandemic
The timing of pandemic onset is thought to be an important predictor of mortality, because the virulence may have declined over time (Crosby, 1989; Barry, 2004) . The movement of military personnel is also believed to have influenced severity through its role in spreading the virus across the country (see Crosby, 1989; Kolata, 2001; Barry, 2004; and Byerly, 2010 for accounts of the pandemic in the military).
We assess the impact of the timing of onset and city proximity World War I military bases on pandemic severity. Consistent with the historical narrative, the pandemic arrived earlier to cities near a military base (Table S1 ). Table S4 shows the relationship between the two explanatory variables and excess mortality in 1918. We find some evidence that proximity to World War I bases affected pandemic severity. The coefficient estimates for cities in the high tercile are positive and generally statistically significant. In contrast, there is no consistent relationship between the week of pandemic onset and excess mortality. Given these results, we focus on proximity to the World War I base as the main explanatory variable in the regressions in Table 1 below.
Coal-Fired Electricity Capacity
We assess the impact of city-level air pollution on pandemic severity. Our analysis is motivated by an emerging body of evidence suggesting that air pollution may exacerbate pandemic mortality. In randomized control trials, mice exposed to higher levels of particulate matter (PM) experienced increased mortality when infected with a common strain of the influenza virus (Hahon et al., 1985; Harrod et al., 2003; Lee et al., 2014) . Microbiology studies of respiratory cells also identify a link between pollution exposure and respiratory infection (Jakab 1993; Jaspers et al., 2005 Historical evidence suggests that air pollution was severe and varied widely across cities (Flagg, 1912; Ives et al., 1936; Stern, 1982) . Average levels of total suspended particulates (TSP) across a sample of 15 large American cities was seven times higher than the annual thresholds initially set under the Clean Air Act Amendments of 1970. Electricity generation was a significant contributor to urban air pollution. A 1912 study of Chicago found that electricity-generating plants accounted for 44 percent of visible smoke (Goss, 1915) . In addition, there was wide variation in coal-fired generating capacity across cities depending on local availability of coal and the proximity to hydroelectric power.
We use coal-fired capacity and percent of employment in manufacturing as two different proxies for city air pollution. 8 These two variables are positively related (Table S1 ), since locations with more abundant coal resources tended to have larger manufacturing sectors. There is a positive relationship between coal-fired capacity and excess pandemic mortality, and the coefficient estimates on the high tercile are statistically significant and stable across the different specifications (Table S6 ). The coefficients are only modestly reduced once pre-pandemic infant mortality is included as a control (col. 1 and 2), indicating that effects arose primarily through a direct contemporaneous link rather than through the indirect impact of coal capacity on baseline health. There is some evidence that the manufacturing employment share was related to pandemic severity, although this relationship weakens once infant mortality is included as a control. Given these findings, we include coal-fired generating capacity as our preferred measure of air pollution in the main regressions in Table 1 below.
Multiple Determinants of Pandemic Mortality
We take advantage of the large sample of cities to explore the joint influence of pre-pandemic health and poverty, pandemic timing, and pollution on excess mortality in 1918 in a multivariate regression framework. The estimates are presented in Table 1 . For reference, columns 1-4 report the individual estimates for each variable, controlling for percent urban. Column 5 reports the results from the multi-factor model. When all of the covariates are included, the coefficients on the top and middle terciles of proximity to World War I bases are statistically insignificant.
Although the point estimates are reduced, high coal cities experienced statistically significantly higher mortality rates in 1918. Meanwhile, the estimated effects for pre-pandemic infant mortality and percent illiterate are large and statistically significant for both the high and medium terciles.
Pre-pandemic health and poverty and coal capacity appear to have been significant determinants of mortality during the pandemic. Figure 2 reports the corresponding magnitudes for the main explanatory variables from Table 1 , column 5. The R-squared from the regression model implies that the three factors accounted for 25 percent of the total cross-city variation in excess pandemic mortality. This is despite the fact that the tercile specification limits the explanatory power of the model, since the framework does not exploit the substantial within-tercile variation in each explanatory variable.
To quantify the role of pre-pandemic health, air pollution, and proximity to World War I bases on pandemic severity, we re-estimate the distribution of excess mortality across cities under several alternative counterfactual scenarios. In particular, we use regression coefficients (Table   1, We simulate the counterfactual excess mortality distribution under four scenarios: a) reducing pre-pandemic infant mortality in all cities to the low tercile, b) reducing coal capacity in all cities to the low tercile, c) decreasing World War I base proximity to the low tercile, and d) policies a) through c) and decreasing the percent illiterate to the low tercile. Figure 3a reports the effects for the reduction in pre-pandemic infant mortality. This change would have led to a 17 percent decrease in average excess mortality in 1918 across the sample. The magnitude of this decrease is striking given that mortality in one third of cities -those in the lowest tercile of pre-pandemic infant mortality -remains unchanged under the policy change. The counterfactual mortality distribution is compressed, indicating that this scenario would have resulted in a decrease in pandemic mortality disparities across cities. Figure 3b shows the counterfactual distribution for coal-fired capacity. This policy change is associated with an 8 percent reduction in excess mortality, although the shape of the mortality distribution remains similar. Meanwhile, a decrease in city proximity to World War I bases is associated with a modest 5 percent decrease in average pandemic mortality and has little impact on the shape of the mortality distribution (Figure 3c ). Figure 3d reports the distribution under the fourth counterfactual in which all factors are reduced to the low tercile. This policy would have resulted in a 50 percent decrease in pandemic mortality and substantial narrowing of the cross-city distribution. The magnitude of the mortality decrease demonstrates the importance of pre-pandemic mortality, sociodemographic factors captured by the percent illiterate, and to a lesser extent the influence of coal capacity, in influencing the severity of the pandemic. The results also highlight the independent influence of each of these factors. The broad leftward shift of the mortality distribution shows that the three factors affected pandemic severity across a large segment of the urban population, and that the relationship was not confined to a handful of heavily polluted cities with high pre-pandemic mortality and low literacy rates. In fact, less than 9 percent of cities fell into the lowest tercile for all three explanatory variables, indicating that there was scope to mitigate pandemic mortality across the vast majority of American cities. Table 2 reports the results from a series of robustness exercises. Columns 1 and 2 report the results from principal component analysis for each of the three broad categories: health and poverty, coal, and pandemic timing. 9 Consistent with the baseline findings, factors related to both health and poverty and coal are associated with significantly higher rates of pandemic mortality, whereas there are no significant differences based on the timing of onset. Figure S2 shows that the relative coefficient magnitudes mirror those from baseline findings: the estimates for health and poverty exceed those for coal, which exceed those for timing.
Robustness Checks and Alternative Determinants of Pandemic Mortality
Columns 4-7 explore the sensitivity of the results to alternate measures of excess mortality in 1918 (for reference, column 3 reports the baseline estimates). We find similar effects for mortality rates derived based on 1910 city population (col. 4).
One concern is that the pandemic influenced post-1918 mortality trends through selective mortality, by killing less-healthy individuals who would have died in subsequent years. This hypothesis is supported by Noymer and Garenne (2000) and Noymer (2011) , who find that the pandemic led to decreases in TB mortality in post-1918 years. We take several steps to address this concern. First, we re-estimate excess mortality in 1918, excluding the years 1918-1920 from the trend calculation; second, we calculate excess mortality as the deviation from the average morality rates pre-pandemic (1915) (1916) (1917) ; third, we recalculate excess mortality as the deviation from the predicted mortality trend based solely on the period 1915-1917. 10 The coefficient estimates based on these alternative measures are similar to the original estimates (cols. 5-7).
9 For each category we calculate the principal component -the latent variable that accounts for the largest variance -based on a linear combination of variables included in Tables S.2 , S.4, and S.6. We then estimate the role of each of these three factors in explaining excess mortality in 1918. The estimates in column (1) are based on factor components constructed based on a linear specification of the underlying explanatory variables; the estimates in column (2) are based on factor components derived from the middle and high tercile specification of the independent variables. 10 All three measures are highly correlated with the original measure of excess mortality ( Figure  S2 ), although given the limited number of years over which the pre-trend is calculated, estimates based on the third approach are significantly noisier.
Our analysis has focused on the role of factors related to health and poverty, air pollution, and the timing of onset in explaining the wide variation in cross-city mortality during the 1918 pandemic. The focus is motivated by the historical and medical literature, and these factors account for a significant fraction of the cross-city variation in mortality. Notwithstanding these results, half of the cross-city differences in excess mortality remain unexplained.
To conclude the empirical analysis, we explore the other potential sources of cross-city differences in pandemic severity (Table 3 ). In columns 1 and 2, we explore the role of religiosity and religious homogeneity in influencing pandemic severity. 11 We find no significant differences according to church membership, although there is some evidence that greater religious fractionalization is associated with higher pandemic mortality. These results could suggest that higher levels of population homogeneity may have aided the local response to the pandemic or that concentrated leadership of religious officials mitigated its impacts. In contrast, we find no evidence that pre-pandemic local public health infrastructure had any impact on pandemic mortality (cols. 5-7), consistent with local public health response having been overwhelmed by the magnitude of the pandemic (Crosby, 1989) . Finally, we find some evidence that greater access to trade, as measured by total miles of railway in 1911, is associated with increased pandemic severity, consistent with recent evidence on the role of transportation in accelerating the spread of influenza (Adda, 2016) . While not exhaustive, this evidence points to potentially fruitful new areas of scholarship on the 1918 pandemic.
Discussion
This study examined the determinants of excess mortality during the 1918 Influenza pandemic across a large sample of U.S. cities. We found that cities with higher pre-pandemic infant mortality rates and more illiterate residents had statistically significantly higher mortality rates in 1918, suggesting that low levels of health and poverty contributed to pandemic severity. These results correspond with Grantz et al.'s (2016) findings for Chicago, and Noymer (2011), who found that the pandemic disproportionately affected individuals with tuberculosis, who were disproportionately poor. In contrast, there is little evidence that the timing of pandemic onset influenced excess mortality in 1918. Lastly, we found that cities with high levels of air pollution, as measured by coal-fired capacity, experienced significant higher mortality rates during the pandemic.
These findings not only improve our understanding of the disparities in cross-city pandemic severity during the 1918 Spanish Influenza Pandemic, but also shed light on factors that might have mediated the long-run effects of that pandemic found by Almond (2006) , Beach, Ferrie, and Saavedra (2018 ), Fletcher (2018 ), and Ogasawara (2018 , and the long-term impacts of the 1889 Russian Influenza Pandemic found by Riggs and Cuff (2013 capture all of the factors that contributed to excess mortality for cities in our sample. In particular, our analysis does not account for local public interventions in response to the pandemic that could have influenced the variation in excess mortality across cities.
Understanding the social and environmental determinants of mortality during the 1918 Influenza Pandemic can provide useful insights for the policy response to future pandemics. In particular, our findings on the relationship between pre-pandemic health, poverty and pandemic mortality may have implications for the distribution of scarce medical resources across locations during a future outbreak. The relationship between coal capacity and pandemic mortality may be particularly relevant in modern developing countries, where urban pollution is severe and comparable to the levels in the early 20 th century America. Despite dramatic improvements in the quality of medical care and public health infrastructure in the hundred years since the pandemic, the risks of a future outbreak are significant and are unlikely to be met by existing medical infrastructure. As Taubenberger and Morens (2006, p. 77) note: "Even with modern antiviral and antibacterial drugs, vaccines, and prevention knowledge, the return of a pandemic virus equivalent in pathogenicity to the virus of 1918 would likely kill >100 million people worldwide.
A pandemic virus with the (alleged) pathogenic potential of some recent H5N1 outbreaks could cause substantially more deaths." 1915 1916 1917 1918 1919 1920 1921 1922 1923 1924 Notes: Panel (a) reports the all-age mortality rate per 10,000 city residents. Panel (b) reports the distribution of excess all-age mortality in 1918 across cities. Excess mortality is calculated as the di↵erence between observed mortality and predicted mortality in 1918, where predicted mortality is calculated based on a linear city-specific trend. The solid and dotted lines denote the mean and interquartile range of excess mortality in the sample. Notes: This figure reports the coe cient estimates from Table 1 col. 5. Excess mortality is calculated as the di↵erence between observed mortality and predicted mortality in 1918, where predicted mortality is calculated based on a linear city-specific trend. 
Figures
(d) All Factors
Notes: This figures reports the distribution of excess mortality and counterfactual excess mortality in 1918 across the sample of 438 cities. Panel (a) assumes that baseline infant mortality was reduced to the lowest tercile. Panel (b) assumes that coal-fired capacity was reduced to the lowest tercile. Panel (c) assumes that proximity to World War I bases was reduced to the lowest tercile. Panel (d) combines (a) through (c) and assumes that fraction illiterate was reduced to the lowest tercile. Vertical lines denote mean excess mortality rates. Tables S2, S4 , and S6. The main component from each group of variables is included in the regression. Columns 4-7 report the results based on alternative measures of excess mortality. In column 4, mortality rates are constructed based on 1910 city population; in column 5, predicted 1918 mortality is constructed based on a linear city-specific trend from 1915-1925 (excluding years 1918-1920) ; in column 6, predicted 1918 mortality is calculated as average city-level mortality for the years 1915-1917; in column 7, predicted 1918 mortality is extrapolated from a linear city-specific trend for the years 1915-1917. Robust standard errors are reported in brackets. *** represents statistical significance at 1 percent level, ** 5 percent level, and * 10 percent level. Notes: The dependent variable is calculated as the difference between observed and predicted all-age mortality in 1918, where predicted mortality is calculated based in a linear city-specific trend for the period 1915 to 1925. The coefficient estimates report difference for the middle and high tercile of each explanatory variable, relative to the lowest tercile. Columns 1-7 report the estimates for each variable, or subset of variables, controlling for percent urban. Column 8 reports the results from the multi-factor model. Robust standard errors are reported in brackets. *** represents statistical significance at 1 percent level, ** 5 percent level, and * 10 percent level. Notes: The dependent variable is calculated as the difference between observed and predicted all-age mortality in 1918, where predicted mortality is calculated based in a linear city-specific trend for the period 1915 to 1925. The coefficient estimates report difference for the middle and high tercile of each explanatory variable, relative to the lowest tercile. Columns 1-5 report the estimates for each variable, or subset of variables, controlling for percent urban. Column 6 reports the results from the multi-factor model. Robust standard errors are reported in brackets. *** represents statistical significance at 1 percent level, ** 5 percent level, and * 10 percent level. Notes: The dependent variable is calculated as the difference between observed and predicted all-age mortality in 1918, where predicted mortality is calculated based in a linear city-specific trend for the period 1915 to 1925. The coefficient estimates report difference for the middle and high tercile of each explanatory variable, relative to the lowest tercile. Columns 1-5 report the estimates for each variable, or subset of variables, controlling for percent urban. Column 6 reports the results from the multi-factor model. Robust standard errors are reported in brackets. *** represents statistical significance at 1 percent level, ** 5 percent level, and * 10 percent level.
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